Vehicle emissions have been associated with adverse health effects in multiple epidemiological studies, but the sources or constituents responsible have not been established. Characterization of vehicle-related exposures requires detailed information on spatial and temporal trends of various pollutants and the ability to predict exposures in unmonitored settings. To address these issues, in the summer of 2001 we measured continuously particle-bound polycyclic aromatic hydrocarbons (PAHs), ultrafine particles, and PM 2.5 at a number of sites in Roxbury, a neighborhood of Boston, Massachusetts with significant diesel and gasoline-fueled traffic. We took measurements at the side of the road and at varying distances from the road, with simultaneous collection of traffic counts and meteorological conditions. Across all nine sites, median roadside concentrations were 8 ng/m 3 of particle-bound PAHs (range: 4-57), 16,000 ultrafine particles/cm 3 (range: 11,000-53,000), and 54 mg/m 3 of PM 2.5 as measured with a DustTrak (range: 12-86). Concentrations of all pollutants were lower at greater distances from the road, upwind, and at higher wind speeds, with greater concentration gradients for PAHs and ultrafine particles. In linear mixed effects regression models accounting for temporal autocorrelation, large diesel vehicle counts were significantly associated with roadside concentrations of PAHs (P ¼ 0.02), with a moderate association with ultrafine particles and little relation with PM 2.5 . Although more comprehensive information would be needed for epidemiological applications, these data demonstrate significant spatial and temporal heterogeneity for traffic-related pollutants during the summer in an urban center, with our monitoring and analytical methodology helping to inform source attribution.
Introduction
There is growing evidence of the effect of traffic-related air pollution on respiratory and cardiovascular health, drawn from two primary types of studies. One set of studies relies on central site monitors for specific pollutants and uses statistical techniques to infer a relation with traffic rather than other pollution sources (Laden et al., 2000; Tolbert et al., 2000; Yu et al., 2000; Janssen et al., 2002) . Although these studies yield interpretable estimates of population-wide effects, they provide no ability to discern highly exposed subpopulations or geographic clustering of impacts potentially associated with pollution ''hot spots''.
Other studies have evaluated the relation between proximity to a major road or high traffic volume and a variety of health outcomes, including increased respiratory symptoms or reduced lung function (Wjst et al., 1993; Weiland et al., 1994; Oosterlee et al., 1996; Brunekreef et al., 1997) . Similar investigations have used Geographic Information System (GIS) methods to evaluate the relation between proximity to a major road and medical visits for asthma (English et al., 1999) or risk of wheeze (Venn et al., 2001) . While these studies are valuable, they provide limited insight about the precise pollutants or sources influencing respiratory health, making it difficult to determine the relative contributions of pollution and other risk factors. Those studies that have evaluated different types of traffic and have made simultaneous measurements of air pollution have found a stronger relation with truck traffic and related pollutants .
For traffic-related pollutants to influence health as a function of proximity to the road, their concentrations must have sufficient spatial heterogeneity. While outdoor concentrations of some pollutants that are principally related to regional transport (such as PM 2.5 or ozone) would be unlikely to vary greatly within an urban center, concentrations of a subset of traffic-related primary pollutants have been shown to vary substantially over small geographic areas.
For example, in a pilot study in Harlem, New York, elemental carbon levels ranged by a factor of four across sites in close proximity to one another, while PM 2.5 levels were quite similar (Kinney et al., 2000) . Similarly, polycyclic aromatic hydrocarbon (PAH) concentrations in an urban center differed by a factor of three between measurements on a street and in a park, with traffic contributing an estimated 80% of ambient concentrations (Nielsen, 1996) . Urban PAH concentrations have also been linked with traffic volume, with minimal concentrations during low traffic and higher concentrations during rush hour (Levy et al., 2001) . Ultrafine particle concentrations have been strongly correlated with traffic patterns, with particle number concentrations a factor of five greater at peak traffic periods than at night (Ruuskanen et al., 2001 ) and a factor of seven greater within 15 m of the road compared with average urban exposure levels (Hitchins et al., 2000) . Particle number concentrations have also been related to wind speed and direction, with one study demonstrating decreasing concentrations at higher wind speeds (Zhu et al., 2002b ) and a second finding an inverted U-shaped curve with lower concentrations at both high and low wind speeds (Zhu et al., 2002a) .
While these studies provide evidence of spatial heterogeneity for selected pollutants in urban areas, it is important to understand which vehicle types and site characteristics most influence concentrations, to help inform policy decisions and to allow for the extrapolation of findings to other settings. Studies that have developed models for trafficrelated pollutants have generally been able to predict concentrations reasonably as a function of selected site characteristics. For example, nitrogen dioxide concentrations in three cities in Europe were estimated using traffic volume, proximity to roadway, road type, land use type, and altitude (R 2 between 0.79 and 0.87), with the parameters used depending on available information at the site (Briggs et al., 1997) . Similarly, long-term PM 2.5 concentrations in three European settings were predicted using traffic intensity at various distances, distance to road, road configuration, road type, or population density (R 2 between 0.5 and 0.73) (Brauer et al., 2003) .
However, both of these studies relied on integrated pollution samples and provided only coarse indicators of traffic volume (with no temporal resolution or distinction among vehicle types). To better understand the influence of nearby traffic on ambient concentrations, as well as to capture short-term peaks potentially relevant for some health outcomes, there is a need to develop predictive regression equations using continuous pollution and traffic data.
In this study, we took continuous measurements of traffic counts and concentrations of multiple traffic-related air pollutants (PM 2.5 , ultrafine particles, and particle-bound PAHs) on a variety of roads in an urban section of Boston, Massachusetts. We took measurements at the roadside and at varying distances from the road and collected information on meteorological conditions and traffic characteristics that could influence pollutant patterns. We present regressions to predict concentrations of all pollutants and conclude by discussing the implications for future exposure assessment or epidemiological studies.
Methods
In July and August of 2001, we measured PM 2.5 , ultrafine particles, particle-bound PAHs, and traffic counts at a number of sites in Roxbury, Massachusetts (a neighborhood of Boston). Roxbury is a neighborhood that contains multiple bus routes as well as bus and truck depots, indicating the likelihood of significant diesel traffic and related emissions, and spatial pollution patterns have been analyzed there in the past (Levy et al., 2001) .
To ensure that we captured a range of traffic densities, we used GIS software (ArcGIS 8.1, ESRI, Redlands, CA, USA) to estimate traffic density scores in the study area. Traffic count and roadway classification data from the Massachusetts Highway Department (Massachusetts Highway Department, 2001 ) were used to estimate average daily traffic for roadways. As actual traffic count data were not available for most of the roads in the study area, many estimates were based on average values for roads of the same functional class. To develop traffic indicators that more closely corresponded to emissions, we adjusted traffic estimates to account for Massachusetts Bay Transportation Authority bus routes, assuming one bus was equivalent to 42 cars based on total PM emissions from average US public buses versus cars meeting 1990 emissions standards (US Environmental Protection Agency, 1985 , 1989 .
The ArcGIS spatial analyst extension was used to create a grid of 50 m cells with a traffic density score assigned to each cell. A key parameter used by the software is the radius from the center of each cell used to calculate the traffic density. In order to investigate the impact of choosing different radii (which would correspond to the radii of significant impact for vehicles on a road), we calculated traffic densities with radii of 50, 100, 200, and 300 m. These radii captured the range of theoretically plausible behaviors of air pollution patterns within this domain. The 100 m radius was selected for the baseline traffic density scores, based on the qualitative behaviors of the indicators with different radii (the 100 m radius gave continuous values along major thoroughfares while displaying differences between major and minor streets). Quartiles of traffic density scores were calculated and used to assign values 1-4 to each cell. Each proposed sampling area corresponded to four cells and was assigned a traffic density score corresponding to the sum of the four cells. This allowed us to select sites with a range of traffic densities, providing greater statistical power for our regression analyses.
We used identical instrumentation as in our recent exposure assessment studies in Boston (Levy et al., 2001 (Levy et al., , 2002 , to ensure comparability of findings. We measured PM 2.5 concentrations using a DustTrak Model 8520 (TSI, Minneapolis, MN, USA), a laser photometer fitted with an impactor to exclude larger particles. It should be noted that past studies have found that the DustTrak overstates ambient concentrations when not calibrated to the specific ambient particles being measured, but that the bias is a consistent multiplicative factor. For example, one study (Chang et al., 2001 ) determined that PM 2.5 concentrations from a DustTrak were a factor of 2.1 greater than concentrations from an integrated personal exposure monitor during the summer, with an R 2 of 0.87. Similarly, another study (Levy et al., 2002) found a factor of 2.8 difference between DustTrak and TEOM measurements, with an R 2 of 0.93. Although humidity and other factors will influence this relation, these variations are minimized by sampling in a defined geographic region in a single season. Furthermore, a focus on PM 2.5 rather than PM 10 is likely to improve the relation between our measures and gravimetric concentrations (Quintana et al., 2000; Rea et al., 2001 ). Thus, our regression models and evaluations of spatial heterogeneity based on DustTrak data will be interpretable.
For ultrafine particle counts, we used a TSI P-Trak Model 8525, a condensation nuclei particle counter that condenses an isopropanol vapor on smaller particles, allowing them to grow to a size where they could be counted. Total particlebound PAH concentrations were measured with a PAS 2000CE (EcoChem Analytics, League City, TX, USA), a photoelectric aerosol sensor that measures PAHs adsorbed onto particles by using irradiation energy and lamp wavelength specific to PAHs. We used a TSI Q-Trak Model 8551 to measure carbon monoxide (CO), carbon dioxide (CO 2 ), temperature, and relative humidity. Neither CO nor CO 2 is addressed in this analysis.
In addition, we measured traffic counts with a Trax I (JAMAR Technologies, Horsham, PA, USA), an automatic traffic data recorder that registers all vehicles passing over pneumatic tubing and places them into one of 13 vehicle classes. For our regression analysis, we only considered total vehicle counts and counts of buses plus trucks (Class 4-13, using the Federal Highway Administration Vehicle Classification Scheme (US Department of Transportation, 2002) . The latter term was considered as a proxy for diesel vehicles and is hereafter referred to as ''large diesel''. We only collected traffic counts at those sites at which traffic flow was anticipated to be heavier, and our analysis focuses on this subset of data. Finally, to capture wind speed and direction for our analysis, we used a portable Weather Monitor II (Davis Instruments, Hayward, CA, USA).
At each sampling site, one set of instruments was placed on the sidewalk adjacent to the road, hereafter referred to as the stationary site. The second set of instruments was moved each hour in a predefined sequence, including measurements 25, 50, and 75 m from the stationary site in a downwind direction, co-located measurements, and measurements across the street and 25 m away from the stationary site in an upwind direction. The upwind or downwind direction was determined at the start of the day based on prevailing wind direction, but measured meteorological data were used to recategorize each 10 min period as downwind (within 451 of the direction of the moving monitor), upwind (within 451of the direction away from the moving monitor), or neutral (all other wind directions). All measurements were taken on weekdays between 9:30 am and 4:30 pm, given availability of field staff during these hours. We collected 1-min average data for all parameters, but base our primary regression analyses on 10-min averages to ensure data stability.
For our stationary site regression analyses, we predicted 10-min average concentrations of all measured pollutants as a function of traffic counts as well as temperature and relative humidity. As traffic counts might not adequately represent the source factor for short-term measurements in an urban area (since traffic jams would yield low traffic counts but high emissions), we also explored GIS-based traffic density scores and the percentage of traffic that was diesel-fueled as independent variables. For the moving measurements, we evaluated distance from the road and wind speed as predictors of the ratio between moving and stationary measurements. Owing to the anticipated temporal autocorrelation between sequential 10-min average measurements, we use linear mixed effects models with an AR-1 autoregressive correlation structure in all regressions, as implemented in SAS.
Results
In total, in the 12 days of sampling in which we measured both air pollution and traffic counts adjacent to the sampling site, we collected data at nine different sites in 307 10-min periods. Temperatures were generally warm (mean 301C, standard deviation 41C) with moderate and stable relative humidity (mean 44%, standard deviation 11%). The wind was generally from the south-southwest with low wind velocity (median 10-min average less than 1 m/s, with 85% of observations less than 2 m/s).
Across all measurements, median concentrations at the stationary sites were 8 ng/m 3 of particle-bound PAHs, 16,000 ultrafine particles/cm 3 , and 54 mg/m 3 of PM 2.5 as measured by the DustTrak (Table 1) . Both PAH and ultrafine PM had skewed distributions, with mean concentrations of 18 ng/m 3 and 21,000 particles/cm 3 , respectively. There were substantial variations in pollutant concentrations across sites, with spatial patterns differing by pollutant (Figure 1 ). Median PAH concentrations ranged from 4 to 57 ng/m 3 . Median ultrafine particle count concentrations ranged from 11,000 to 53,000 particles/cm 3 across the nine sites, with concentrations well correlated spatially with PAH concentrations (r ¼ 0.70). In contrast, for PM 2.5 , the spatial patterns were not as well defined and the concentration range was less substantial (between 37 and 58 mg/m 3 with the exception of two extreme sites, with concentrations essentially uncorrelated with PAH or ultrafine concentrations across sites). As indicated in Figure 1 , the relative concentrations of the three pollutants differed somewhat by site.
The influence of traffic patterns can be seen when stratifying the sample by predefined traffic density scores. Sites with traffic density scores above the median (100 m radius) had median concentrations of 36 ng/m 3 of particlebound PAHs, 26,000 ultrafine particles/cm 3 , and 46 mg/m 3 of PM 2.5 , versus median concentrations of 5 ng/m 3 of particle-bound PAHs, 13,000 ultrafine particles/cm 3 , and 59 mg/m 3 of PM 2.5 for sites with lower traffic density. In general, traffic density scores (across radii ranging from 50 to 300 m) did not predict PM 2.5 concentrations, but were positive significant predictors of PAH concentrations for all radii and of ultrafine particle concentrations for radii of 100 and 200 m (P o 0.05).
We used our automated continuous traffic counts in regression models to look at the influence of traffic on roadside concentrations in more detail. Across sampling sites, the median traffic counts ranged from 96 to 1150 vehicles per hour (2-97 large diesel vehicles per hour). These traffic counts were well correlated with the predefined traffic density scores (correlation coefficient of 0.61 for a 100 m radius). Since temperature and relative humidity were insignificant in our initial regression models (likely due in part to the limited range of values), we omit them from further consideration.
Total traffic counts were not significant predictors of any stationary site pollutant concentrations (Table 2 ). In contrast, large diesel vehicle counts were significant predictors of particle-bound PAH concentrations (P ¼ 0.02). The relation between large diesel vehicle counts and ultrafine particles was positive but insignificant (P ¼ 0.12), and there was no Figure 1 . Map of concentration patterns at nine monitoring sites in Roxbury, Massachusetts. The shaded streets were included in an earlier exposure assessment study (Levy et al., 2001) , and the dot represents a large bus terminal.
relation with PM 2.5 concentrations. To address the fact that traffic counts may be an imperfect marker of source characteristics, we also tested regressions with fraction of traffic categorized as large diesel vehicles as the independent variable. This term was a significant predictor of ultrafine particle counts (P ¼ 0.01), but was not significant for particle-bound PAHs or PM 2.5 . When we considered the moving monitor measurements, the ratios between moving monitor and stationary monitor concentrations generally declined as a function of distance from the road and were greater at sites downwind of the road than upwind, as would be expected given the influence of traffic on concentrations (Figure 2) . The magnitude of the distance gradient is most apparent for particle-bound PAHs and ultrafine particles, with a slight gradient for PM 2.5 . Furthermore, the wind speed would be expected to influence the magnitude of the moving monitor concentrations (as well as the stationary site concentrations), with lower concentrations at higher wind speeds. Given sample size limitations, we combined all distances and simply looked at the relation between wind speed and pollutant concentrations. As indicated in Figure 3 , concentrations of all three pollutants decreased with increasing wind speed in this illustrative comparison.
In our regression models, we predicted the ratio between moving and stationary monitor concentrations as a function of distance from the road and wind direction (as a categorical variable representing downwind or upwind/neutral), including an interaction term to reflect potential differences in concentration gradients as a function of prevailing wind direction. Since wind speed would theoretically influence concentrations at all sites, and given limited statistical power, we omitted this variable from our moving/stationary ratio regressions.
The PAH ratio decreased significantly as a function of distance from the roadway (P ¼ 0.03), with ratios that were higher downwind (although the wind direction term was not statistically significant) (Table 3 ). In contrast, there was no statistically significant distance gradient for either ultrafine PM or PM 2.5 , although both coefficients were negative as anticipated. However, downwind concentrations were significantly higher than upwind/neutral concentrations for both ultrafine PM and PM 2.5 , and the interaction terms indicated that concentrations declined as a function of distance for downwind sites but not upwind/neutral sites.
To determine whether our findings were related in part to the short averaging times used, we also evaluated all regressions using 1-h average concentrations (reducing the sample size from 307 to 35, given incomplete data for some hours). The general conclusions were nearly identical, with the only differences being that stationary PM 2.5 concentrations were significantly predicted by total traffic counts and the ratio of moving and stationary monitor PM 2.5 concentrations was not significantly predicted by any covariates.
Discussion
Our investigation found that spatial variations of particlebound PAHs and ultrafine particle counts in a limited geographic area were generally more substantial than variations in PM 2.5 concentrations. This finding agrees with past investigations and supports the notion that local transportation sources contribute a greater proportion of particle-bound PAHs or ultrafine particles than PM 2.5 . Furthermore, this conclusion is supported by the physical properties of ultrafine particles, where coagulation processes lead to significant changes in particle number and particle size distributions over a matter of meters (Zhu et al., 2002b) . However, in spite of the substantial variations in concentrations, our regression equations often displayed limited predictive power. This is due in part to sample size limitations, but also may highlight the fact that traffic counts are not an ideal proxy of vehicle emissions for short averaging periods in busy urban areas, due to potential low counts during periods of high traffic density. Past studies that found greater predictive power for traffic terms (Briggs et al., 1997; Brauer et al., 2003) focused on longer-term concentrations, for which traffic volume might be a more reasonable proxy for emissions. Regardless, our regressions did yield some compelling findings for particle-bound PAHs. For example, interpreted literally, the ''large diesel vehicle'' regression in Table 2 indicates that a baseline PAH concentration of 15 ng/m 3 would increase to 24 ng/m 3 if one moved from the lowest to highest traffic count street in our sampling region.
It is instructive to compare the results of our investigation with an earlier study that characterized PAH and PM 2.5 concentrations in a neighborhood of Roxbury (Levy et al., 2001) . This study used a mobile monitoring protocol with 1-min averaging times to cover a substantial portion of the neighborhood and used statistical techniques to account for spatial and temporal autocorrelation. As indicated in Figure 1 , the spatial domain overlapped with the domain in our analysis. The earlier study concluded that PAH concentrations were higher with proximity to the bus terminal or on bus routes, with PM 2.5 levels slightly elevated on high traffic streets (but not significantly so), agreeing with our general findings. In addition, despite differences in the monitoring protocol and time of day when measurements were taken, spatial patterns of PAHs appear similar to those in our analysis. PAH levels were highest toward the northeast (downwind of the bus terminal) in both studies, and if we average all measurements from Levy et al. (2001) that were taken at the same sites as in our current investigation, the measurements are well correlated (r ¼ 0.64). Although this is far from definitive, it does provide some support for the possibility that the spatial trends of particle-bound PAHs in our investigation might exist on a regular basis, at least for working hour measurements during the summer. We can also draw preliminary conclusions from the magnitude of the concentrations measured in our study. The mean particle-bound PAH concentration was slightly below the mean from the earlier Roxbury study (Levy et al., 2001 ) and concentrations at a semiurban location in Boston (Dubowsky et al., 1999) , although concentrations at some sampling sites exceeded these levels, perhaps due to the greater density of large diesel vehicles. Direct comparability is impaired by the lack of traffic count data during the sampling periods in earlier studies, as well as by differences in monitor placement (e.g., a fourth-floor apartment in the semiurban location in Boston, versus roadside measurements in Roxbury). Ultrafine particle count concentrations in our study were somewhat higher than levels reported at sites in the Los Angeles basin (Kim et al., 2002) or at background urban sites in Australia (Hitchins et al., 2000) , but were lower on average than near-road measurements in Australia or concentrations in other high-traffic settings in Boston (Levy et al., 2002) . It is difficult to compare PM 2.5 concentrations with levels in other studies due to differences in instrumentation, but the mean concentration was higher than concentrations measured in other outdoor settings in Boston using the DustTrak (Levy et al., 2002) . There is therefore some indication that pollution levels in our study are within the range of those measured in other urban settings, although concentrations at some sites are at the high end of reported ambient values.
Aside from sample size considerations, the primary limitation of our study arises from the focus on urban settings in close proximity to one another. While this addressed the question of small-scale spatial variations in concentrations, it likely reduced the concentration gradients and therefore impaired statistical power. To develop more robust regression equations, future studies should attempt to characterize a wider range of settings with differing source characteristics and should include measurements at different times of day and in different seasons to capture general pollution trends. In addition, our study only captured a relatively small proportion of moving monitor measurements that were downwind of the hypothesized source of emissions, given shifting wind patterns and Boston roads that do not follow a standard grid (Figure 1 ). An investigation at a site with roads parallel to one another and with more consistent wind direction would strengthen the power of the analysis.
Despite these limitations, our study provides useful information for future transportation exposure assessments or epidemiological investigations. The strong relation between PAH and ultrafine particle count concentrations and predefined traffic density scores (along with the correlation between these scores and measured traffic counts) indicates that GIS methods can potentially yield exposure estimates even within proximate sites in an urban area. Similarly, the evidence of a relation between concentrations and distance from roadways as well as wind speed and direction provides a basis for more comprehensive regression-based approaches for predicting concentrations. Finally, the stronger relations associated with large diesel vehicles when compared with total traffic imply that monitoring studies in areas with high diesel traffic would be warranted, including observational studies that can better capture the characteristics of the vehicles linked to elevated concentrations.
